Introduction
In recent years, there has been growing interest in wearable healthcare monitoring systems (WHMSs) in both research and industry. Physiological and psychological data acquired in real life by wearable systems can enable early detection of diseases, reveal correlations between lifestyle and health, and bring healthcare to remote locations and resource-poor settings [31, 36, 43] . In situations where workers are exposed to extreme conditions, dangers or hazards, employing wearable technology can help monitor their vital signs and save their lives [24, 32, 43] . In sports medicine, likewise, unobtrusive wearable sensors can be used to capture physiological data and physical movements of multiple people in real time for the purposes of analysis and performance evaluation [6, 7] .
To make these WHMSs practically applicable, however, a series of technical problems need to be overcome. Among them, motion artefact (MA) reduction is one of the most challenging issues, since these wearable systems are mainly used in ambulatory conditions. As biomedical Abstract Wearable healthcare monitoring systems (WHMSs) have received significant interest from both academia and industry with the advantage of non-intrusive and ambulatory monitoring. The aim of this paper is to investigate the use of an adaptive filter to reduce motion artefact (MA) in physiological signals acquired by WHMSs. In our study, a WHMS is used to acquire ECG, respiration and triaxial accelerometer (ACC) signals during incremental treadmill and cycle ergometry exercises. With these signals, performances of adaptive MA cancellation are evaluated in both respiration and ECG signals. To achieve effective and robust MA cancellation, three axial outputs of the ACC are employed to estimate the MA by a bank of gradient adaptive Laguerre lattice (GALL) filter, and the outputs of the GALL filters are further combined with time-varying weights determined by a Kalman filter. The results show that for the respiratory signals, MA component can be reduced and signal quality can be improved effectively (the power ratio between the MA-corrupted respiratory signal and the adaptive filtered signal was 1. 31 
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signals are sensitive to body movement, physiological signals could be badly corrupted by MA caused by variations or movement of the subject. Therefore, robust and effective MA reduction techniques are necessary for solving the MA reduction problem [35, 41] .
The spectrum of MA usually overlaps with physiological signals and changes in different movement conditions such as walking, jogging and running. Therefore, traditional digital filters with fixed coefficients in these situations fail to separate MA component from physiological signals effectively. To address this confounding issue, a class of filters known as adaptive digital filters has been developed to achieve optimal filtering. Adaptive filters allow detecting and tracking the dynamic variations of the signals, and alter their filtering characteristic automatically. This type of filter has been shown useful in many biomedical applications [11, 13, 15] , e.g. power line interference cancellation in ECG signals [22] , and foetal ECG recording by using mother's ECG as a correlated noise source for adaptive noise cancellation [10] .
To achieve effective MA cancellation, reference signal and structure of the adaptive filter are of immense significance. Performance of MA cancellation depends on the correlation between the reference signal and the MA component in the contaminated signals. To remove the MA component from ECG signals, Pecht Liu et al. [21] described a method of adaptive MA filtering by using skin strain as a reference signal. Thakor and Zhu [37] developed an adaptive recurrent filter for MA cancellation in ECG recordings, with the generated impulse series coincident with QRS complex as a reference signal. There are also some other reports using the outputs of an accelerometer (ACC) as reference signals for adaptive MA cancellation for ECG signals [20, 29, 38] . Compared with ECG, MA reduction in respiratory signals is sparse in the literature. Recently, performance of different wearable breathing monitoring systems was evaluated in terms of susceptibility to MA [17] . To improve the accuracy of respiratory measurement, Keenan and Wilhelm proposed a least mean square (LMS) adaptive filter for MA cancellation with a triaxial ACC signal as Ref. [16] . In addition, other researches demonstrated the capability of MA reduction in photoplethysmogram (PPG) signals by adaptive filtering with ACC signals as the reference input [18, 28] .
Among above-mentioned applications, LMS algorithm was widely used due to its inherent conceptual and implementation simplicity. For LMS algorithm, however, step size needs to be carefully chosen to balance the stability and convergence speed. Meanwhile, it has inherent disadvantage of relatively slow convergence speed due to eigenvalue spread, which will decrease the performance of MA cancellation, when the eigenvalue spread of the input autocorrelation matrix changes during ambulatory monitoring. Furthermore, little attention has been paid to how to achieve robust MA cancellation in physiological signals acquired at different activity levels. For respiratory signals, Keenan's study only showed that ACC signals could be used for adaptive MA cancellation for respiratory signals and only one axial output was utilized. Performance of adaptive filtering for MA cancellation in physiological signals acquired by WHMS at different exercise levels has not been evaluated.
In this paper, performance of adaptive MA cancellation is evaluated in both respiration and ECG signals. A wearable physiological monitoring system was used to acquire respiration and ECG during treadmill and cycle ergometry exercise. A triaxial ACC was integrated in the wearable system to capture the body activities. The outputs of the ACC were used as reference signals for adaptive MA cancellation. Rather than employing only single channel of the ACC output as reference input, three axial outputs of the ACC were all used for MA estimation by a bank of gradient adaptive Laguerre lattice (GALL) filter [8] . The outputs of the GALL filters were further linearly combined by a Kalman filter. This kind of filter structure has been successfully used for physiological waveform prediction and ICU physiological signal quality index estimation [33] . In this study, the Kalman filter adaptively adjusts its weights to achieve robust MA cancellation by combing multiple channels of MA estimation from the ACC signals.
Materials and methods

Materials
Dataset used for this study was collected during treadmill and cycle ergometry exercises by a wearable monitoring system called Sensing Shirt [44] . The study was reviewed and approved by the Ethics Committee of Chinese PLA General Hospital. Ten healthy volunteers (without respiratory and heart diseases, ageing from 22 to 32) participated in this experiment with given prior and informed consent. Physiological signals of rib cage (RC) and abdomen (AB) motions, single-lead ECG and triaxial ACC (Axis I, Axis II and Axis III) were recorded. During the experiment, each subject firstly performed an incremental treadmill test, including four stages of stationary standing (0 km/h), walking (4 km/h), jogging (6 km/h) and running (8 km/h). Each stage lasted about 2 min. Secondly, the subject completed an incremental cycle ergometry exercise, which also had four stages of sitting (0 rpm), slow pedalling (20 rpm), medium pedalling (30 rpm) and fast pedalling (40 rpm). Each stage also lasted about 2 min. Figure 1 shows the physiological waveforms and each axial output of the ACC captured by the Sensing Shirt during the incremental treadmill and cycle ergometry exercise from one subject. In the Sensing Shirt, ECG (Lead II) is acquired by using Ag-AgCl electrodes for bio-potential detection. Active electrodes are integrated in the electrodes to acquire high-quality signals for ambulatory monitoring. Two channels of respiratory movement (RC and AB) are recorded by respiratory inductive plethysmography (RIP) [42] . Specifically, two RIP sensors in parallel sinusoidal arrays of insulated wires embedded in elastic bands are woven into the shirt around the chest and AB. One triaxial ACC, MMA7260, is integrated in the shirt to capture body posture and activities. The ACC is mounted on a printed circuit board packaged in a small box which is placed in one front pocket on the shirt. In the experiment, ECG, RC and AB motions, and the triaxial outputs of the ACC were all sampled at 200 Hz for adaptive signal processing.
It has been demonstrated that for RIP, the sum of RC and AB outperforms individual use of RC or AB for breath detection [5] . Therefore, in our study, RC and AB displacements were linearly combined with unit coefficients to represent the respiratory movement during exercise [2] .
Adaptive MA filtering
Adaptive filtering involves change of filter parameters over time to adapt to dynamic signal characteristics. In MA cancellation, the corrupted signal combines the MA component and desired information. To remove the MA component, a signal correlated with the MA is fed to the adaptive filter. So long as the input signal to the filter remains correlated with the MA component in the corrupted signal, the adaptive filter adjusts its coefficients to estimate the MA and result in a relatively clean signal [39] . In essence, MA in physiological signal is caused by body movement. ACC provides a cost-effective and reliable way for body posture and activity recording. Therefore, in our study, the outputs of the triaxial ACC were used as reference inputs to the adaptive filter for MA estimation. The block diagram of during activities, and N 1 (n) is one axial output of the ACC, which is highly correlated with the MA component. With a specific adaptive algorithm, the filter adjusts its coefficients to generate optimal estimation of the MA component and achieve a relatively clean signal.
In our study, a bank of GALL filter was used for MA component estimation. The GALL structure combines the desirable features of the Laguerre structure (i.e. guaranteed stability, unique global minimum and fewer parameters to model a linear time-invariant system) with the numerical robustness and low computational complexity of adaptive FIR lattice structures. Furthermore, to achieve a robust MA estimation during different activities, the outputs of the three GALL filters were further combined with time-varying weights determined by a Kalman filter.
Overall structure
The overall MA cancellation scheme consists of two stages (Fig. 3) . In the first stage, three MA estimates, M A m , are generated by three GALL filters from each axial output of the ACC. In the second stage, these three MA estimates are further linearly combined by an unforced Kalman filter [14] to obtain a robust MA estimation. The final MA estimate made by the Kalman filter is removed from the corrupted physiological signal to recover a relatively clean signal. In Fig. 3 , X(n) represents the MA-contaminated physiological recording, e(n) is the relatively clean signal achieved by adaptive filtering.
GALL filter
The GALL filter consists of orthogonalizing and joint sections (Fig. 4) , in which delays are replaced by Laguerre transfer functions where the transfer function's pole, α, is constant across the entire filter [8] . The input of the GALL filter is one of the axial outputs of the ACC, and the desired response is the MA-corrupted physiological signal, X(n). In this application, we get three channels of MA estimates with three GALL filters.
Unforced Kalman filter
The unforced Kalman filter means unforced space-state model with the process noises zero [14] . As shown in Fig. 3 , 3 × 1 sample-by-sample MA estimates are used as the inputs to the unforced Kalman filter, where the vector where λ K is a scalar forgetting factor between 0 and 1, K[n] is the state error correlation matrix, and g[n] is the Kalman gain.
Simulation
In the first experiment, simulations were conducted to evaluate the performance of the GALL filter for adaptive MA cancellation by comparing it with the commonly used LMS algorithm. For respiration signals, instead of using Gaussian noise as an additive noise model, we chose one axial output (vertical axis in this case) of the ACC at different activity levels as the noise signals (MA component). One segment of the clean respiratory waveform at standing stage was selected as the original signal. The noise signals passed through an FIR low-pass filter (with a cut-off frequency of 10 Hz and an order of 31) and then were added to the original signal to form MA-contaminated signals. There is not much MA component residing in the respiratory waveforms during walking, slow pedalling and medium pedalling (see it in Fig. 1 ). Therefore, only three segments of respiratory signals were synthesized with three levels of additive MA component, which were corresponding to fast pedalling, jogging and running, respectively. With these simulation data, the performances of the GALL filter and LMS filter were studied. In the second experiment, the actual respiratory data acquired at different exercise levels were used to test the performance of the algorithm. For ECG, to simulate the MA component along with other high-frequency noise, Gaussian white noise (with
zero mean and unit variance) plus a sine wave was generated as noise (i.e. the reference signal). One segment of the clean ECG at the standing stage was extracted as an original ECG signal. The noise signals were processed in the same way as that in the respiratory simulation section and were added to the original ECG signal to form the MAcontaminated signals.
Indices for performance evaluation
As the respiratory signals were acquired during exercise, in this study, there was no gold standard measure of respiration for comparison. Furthermore, the aim of our study was to improve respiratory measurement quality, not just for breath rate detection. Therefore, breathing rate detection is not adequate to be a gold standard for this study.
To quantitatively evaluate the MA cancellation performance, the power ratio (PR) between the power of the primary input signal and that of the error signal was used as the evaluation parameter [1] .
where X represents the FFT of the primary signal and e represents the FFT of the error signal. E[| · |] is the expected value. In adaptive MA cancellation application, the error signal is the desired information.
Recently, the concept of signal quality index has been proposed and used to evaluate signal quality for signals acquired in intensive care unit and ambulatory monitoring [4, 19] . Chen et al. [3] developed a method to estimate respiratory waveform quality based on breath detection over varying baseline values. Nemati et al. [25] proposed using the spectral purity as the respiratory signal quality index. In this study, the effectiveness of the spectral purity index (SPI) in quantifying the respiratory signal quality was evaluated. Furthermore, another signal quality index, spectral distribution ratio (SDR) [19] , was defined and used for respiratory signal quality assessment.
SPI is defined as [34] :
where the nth-order spectral moment ω n is defined as:
where S x (e jω ) is the power spectrum of the signal. In the case of a periodic signal with a single dominant frequency, SPI takes the value of one and approaches to zero for nonsinusoidal noisy signals.
The SDR of a respiration segment is defined to be the ratio of the sum of the power, |X(jω)| 2 , of the respiration between frequencies, f, of 0.15-1.5 Hz to the power between 1.5 and 10 Hz as follows: when the SDR is low, more MA component residing in the respiration and the signal quality is bad. Figure 5a shows the clean respiratory signal and three synthesized respiratory signals with the additive MA components in fast pedalling, jogging and running with an SNR of 3 dB. Figure 5b shows the results of the MA cancellation by both the GALL filter and LMS filter, with additive MA components associated with running stage with an SNR of 3, 10 and 20 dB, respectively. The order of the LMS and GALL filters was set to 31 (the same as the low-pass filter used to generate the additive MA components). For the LMS algorithm, the step size was set to 0.001; for the
Results
Performance of MA cancellation in respiratory signal
Simulation results
GALL filter, the forgetting factor λ was set to 1, and α 0. As shown in Fig. 5b , both the GALL and LMS filters can reduce the MA components from the synchronized respiratory signals. Compared with the LMS filter, the GALL filter has a faster convergence speed at every exercise level. Moreover, the GALL filter achieves almost the same convergence speed at different exercise levels. The LMS filter, however, shows different convergence speed at each exercise level. In this case (step size equals 0.001), the larger SNR, the slower the convergence speed. Therefore, in terms of the convergence speed, the GALL filter outperforms the LMS filter. The performances of the MA cancellation, in terms of PR, SPI and SDR, for both the GALL filter and LMS filter, are shown in Table 1 . According to the definition, PR is not an index for respiratory signal quality assessment, but an index for adaptive filtering performance evaluation. As shown in Table 1 , both the GALL and LMS filters produce PRs larger than one in different exercise conditions, indicating that the MA components were reduced from the original respiratory signals. For SPI and SDR, according to the definitions, both SPI and SDR can be used as indices for respiratory signal quality evaluation. As shown in Table 1 , SDR can quantify the respiratory signal quality effectively, and the larger SNR of the synchronized respiratory signals, the larger SDRs (SDR0). SPI, however, cannot reflect the respiratory signal quality correctly. The SPIs from both the GALL and LMS filters are extremely low. SPI was originally developed to evaluate the EEG signal quality, and it performed well in ECG-derived respiratory signals [25] . For respiratory signals acquired by RIP, however, since more accurate respiratory waveform is recorded (see it in Fig. 5 ), the respiratory waveform is no longer smooth like a sinusoidal signal. SPI is suitable to evaluate the signal quality with only one frequency component. That explains why SPI lost its power for respiratory signals acquired by RIP technique. In this case, the parameter of SDR performed well and could represent the actual respiratory signal quality. Therefore, in the following sections, the indices of PR and SDR were used to assess the performance of the adaptive MA cancellation on actual respiratory signals acquired during exercise. SDR was also used as an optimization index to determine the parameters (α and λ) in the GALL filter.
From Table 1 , it can also be seen that the GALL filter and LMS filter produce similar results in terms of both PR and SDR at different exercise levels. Both the GALL and LMS filters can improve the SDR effectively, indicating that adaptive filtering can improve the respiratory signal quality. Relatively, the GALL filter outperforms the LMS filter. The values of both PR and SDR from the GALL filter are a little higher than those from the LMS filter.
Respiration acquired during exercise
The parameters of the GALL filter (the number of lattice stages P, the pole location α and the forgetting factor λ) were determined as follows. The number of lattice stages, P, was set to 50. The value of P was chosen based on preliminary visual inspection of the maximum number of peaks in the spectra of a subset of the signals. Twofold cross validation was performed to determine the values of λ and α. The data records (totally 60 records from ten volunteers at six exercise levels) were randomly divided into two sets (d 0 and d 1 ), and both sets were equal size. We then trained on d 0 and tested on [33] . The key parameter for the unforced Kalman filter is the forgetting factor λ K . In this study, the value of λ K was set to 1, because values of λ K < 1 led to deterioration of performance in terms of SDR. Figure 6 shows an example of the MA cancellation by each GALL filter and the output of the Kalman filter. It can be seen that the best performance (with the largest values of PR and SDR) was achieved by the GALL filter with Axis II as the reference input. The unforced Kalman filter could track that channel and achieve a good performance. In this case, the performance of the combined Kalman filter is even better than any GALL filter. Table 2 shows the performance statistics of the GALL and Kalman filters on the actual respiratory signals acquired at different activity levels. For each subject at each exercise level, we got three MA estimates by the three GALL filters. To test whether the Kalman filter can combine the outputs of the GALL filters to achieve robust MA estimation, at each exercise level, only the largest SDR among the three GALL filters was selected to calculate the group mean and standard deviation. The PR corresponding to the largest SDR at each exercise level was also selected and used to compute the mean value and standard deviation at each exercise stage. From Table 2 it can be seen that at low-level exercise intensity such as walking, slow and medium pedalling, SDR0 is high, meaning that there is not too much MA component residing in the respiratory signals. For activities at high intensity, SDR0 is relatively low, indicating that more MA components were introduced in the respiratory signals. At low-level exercise intensity of walking, slow and medium pedalling, the adaptive filter of both the GALL filter and Kalman filter could not improve the respiratory signal quality further, because SDRs in this condition were originally high. In contrast, at high-level exercise intensity of jogging, fast pedalling and running, the adaptive filter of both the GALL filter and Kalman filter can improve the respiratory signal quality effectively. Figure 7a shows the original ECG, the synthesized signal with additive sine wave noise and Gaussian white noise, and the results of adaptive filtering using the LMS and GALL algorithms, respectively. It can be seen that relatively clean ECG signals can be recovered by both the GALL and LMS filters, even if the synthesized signal is completely ruined by the noise. From the recovered ECG signals, it can be seen that the GALL filter also performs better than the LMS filter (The same filter parameters used in respiratory signal simulation were employed in the LMS and GALL filters).
Performance of MA cancellation in ECG signal
Simulation results
ECG acquired during exercise
The same filter structure of combing a bank of GALL filter and a Kalman filter was used to process the ECG signals acquired during exercise. For the ECG acquired in exercise, it was found that in some episodes and different types of noise can be introduced into the waveform, including baseline wonder, MA, EMG and some other high-frequency noise. In some other episodes, however, the signal quality is relatively good with less noise. Figure 8a shows an example of one segment of ECG waveform contaminated with noise during running. The result of adaptive MA reduction by the unforced Kalman filter is also presented. Figure 8b shows the power spectral densities of the original ECG signal, one axial output of the ACC signal and the output of the Kalman filter. It can be seen that compared with the original ECG, MA component was reduced by the adaptive filter. However, there is still some other noise component left. Therefore, signal quality of ECG was not improved effectively. Considering the fact that MA is not a dominant noise component in exercise ECG signals (Fig. 8b) and that signal quality cannot improve impressively (Fig. 8a) , we 
Discussions
For WHMSs, MA cancellation is a major challenge, as physiological signals may be contaminated by MA when these wearable systems are used in ambulatory conditions. In our study, it has been demonstrated that adaptive filtering with the ACC signal as the reference input can effectively reduce the MA component on respiratory signals. For
WHMSs used in real life, because of the un-predictability of human body activities, robustness of MA cancellation should also be addressed. In this paper, a filter structure combining a bank of GALL filter and Kalman filter was proposed to achieve robust MA cancellation at different exercise levels. The major advantage of this structure is that it does not require supervised fine-tuning when the characteristic of the reference channel changes. This structure can be extended as a universal approach for other MA cancellation applications for WHMSs.
ACC outputs versus reference signals
Contrary to other studies [20, 29, 38] , ECG signal quality could not be improved impressively by adaptive filtering with the ACC outputs as the reference signals. One most likely cause is that the way the sensor is placed in our system made it fail to capture the MA related information for ECG processing. Better adaptive filtering result might be achieved by integrating the ACC sensor into the electrodes to capture the electrode motion. However, in essence, MA on ECG waveform is generated from the change of biopotential by stretching the epidermis [26] , while the signals captured by the ACC sensor are actually related with the physical movement. 
Respiratory signal processing
Compared with other physiological signals, respiratory signals actually pose special challenges to adequate processing since MA component is common due to the physical activity, while the range of natural breathing frequency is relatively wide. Respiratory signal processing has not been studied sufficiently as other physiological signals such as ECG. Usually, a simple low-pass filter is used to separate respiratory signals from other high-frequency components, mainly for breathing rate detection. Although the low-pass filter can remove noise, it will also suppress important features at higher frequencies. Over-filtered respiratory signals may lose detailed structure and become too regular [40] .
For some applications such as acute respiration and cough episodes, higher-frequency respiratory movements are of interest [9] . Meanwhile, respiration pattern or waveform morphology also carries information about health and diseases [23, 30] , especially for research on cardio-respiratory interaction and evaluation of autonomic nervous system activity, which has been an area of interest for years [12, 27] . Compared with low-pass filters, adaptive filters are more likely used to recover the original shape of the respiratory waveform, and more accurate information can be acquired from the dynamically filtered respiratory signals.
Signal quality index
The research on signal quality index has been an area of interest for years now. For WHMSs, signal quality index is a useful tool to evaluate the quality of the waveforms acquired in ambulatory conditions. The concept of signal quality index was initially developed to quantify the physiological signal quality in intensive care unit to reduce false alarm rate and to improve the estimation of heart rate and blood pressure [4, 19] . Currently, most of the studies are focused on the ECG signal quality evaluation. Methods to assess the respiratory signal quality are not widely available. In our study, it was found that the SPI based signal quality index is not good for the RIP respiratory signal quality evaluation. The SDR-based signal quality index can be used to assess the amount of the noise component residing in the respiratory signals. From Fig. 1 and Table 2 , it can be seen that for RIP respiration, there is not too much MA component during walking, slow and medium pedalling. The original SDRs during walking, slow and medium pedalling are very high. For high-intensity movement, the SDRs are low, and the respiratory signal quality can be improved effectively by adaptive filtering. It is also worth mentioning that even though SDR is a better index than SPI for RIP respiratory signal quality evaluation, SDR is not a perfect index for adaptive filter performance evaluation. In essence, SDR is a suitable index for band-pass filter performance evaluation. That might be the reason that during low-intensity exercise, such as walking, slow and medium pedalling, the SDRs achieved by the adaptive filter were even lower than the original SDRs. The signal quality of the respiratory signals during walking, slow and medium pedalling might also have been improved by the adaptive filter. However, it may not be reflected by the SDR index. A more robust and effective respiratory signal quality index should be developed and evaluated in the future. It should also be noted that the structure of the adaptive filter used in this paper can be extended to other physiological signals acquired in ambulatory conditions for robust MA cancellation, such as PPG and phonocardiogram, as well as respiratory signals acquired by other techniques.
For respiration acquired by impendence plethysmography, more work needs to be done to check the validation of our approach as the mechanism behind impendence plethysmography is different from RIP.
Conclusions
This paper demonstrates that MA component in both respiratory and ECG signals can be reduced by a proposed adaptive filter with ACC signals as reference input. The structure of the adaptive filter by combining a bank of GALL filter and an unforced Kalman filter can achieve robust MA cancellation without supervised selection of reference channel. For respiratory signals, signal quality can be improved effectively through the MA reduction. For ECG signals, contrary to prior work [20, 29, 38] , as the MA is not a dominant noise component, signal quality could not be enhanced effectively by the adaptive MA cancellation.
